Background: Identification of biomarkers associated with the prognosis of different cancer subtypes is critical to achieve better therapeutic assistance. In colorectal cancer (CRC) the discovery of stable and consistent survival markers remains a challenge due to the high heterogeneity of this class of tumors. In this work, we identified a new set of gene markers for CRC associated to prognosis and risk using a large unified cohort of patients with transcriptomic profiles and survival information. Results: We built an integrated dataset with 1273 human colorectal samples, which provides a homogeneous robust framework to analyse genome-wide expression and survival data. Using this dataset we identified two sets of genes that are candidate prognostic markers for CRC in stages III and IV, showing either up-regulation correlated with poor prognosis or up-regulation correlated with good prognosis. The top 10 up-regulated genes found as survival markers of poor prognosis (i.e. low survival) were: DCBLD2, PTPN14, LAMP5, TM4SF1, NPR3, LEMD1, LCA5, CSGALNACT2, SLC2A3 and GADD45B. The stability and robustness of the gene survival markers was assessed by cross-validation, and the best-ranked genes were also validated with two external independent cohorts: one of microarrays with 482 samples; another of RNA-seq with 269 samples. Up-regulation of the top genes was also proved in a comparison with normal colorectal tissue samples. Finally, the set of top 100 genes that showed overexpression correlated with low survival was used to build a CRC risk predictor applying a multivariate Cox proportional hazards regression analysis. This risk predictor yielded an optimal separation of the individual patients of the cohort according to their survival, with a p-value of 8.25e-14 and Hazard Ratio 2.14 (95% CI: 1.75-2.61).
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Conclusions: The results presented in this work provide a solid rationale for the prognostic utility of a new set of genes in CRC, demonstrating their potential to predict colorectal tumor progression and evolution towards poor survival stages. Our study does not provide a fixed gene signature for prognosis and risk prediction, but instead proposes a robust set of genes ranked according to their predictive power that can be selected for additional tests with other CRC clinical cohorts.
Keywords: Cancer, Colorectal cancer, Colon, Survival, Kaplan-Meier analysis, Gene marker, Bioinformatics, Transcriptomics, Gene Expression Background Colorectal cancer (CRC) is one of the most frequent tumors that causes great morbidity worldwide. It is the third most common cancer in men, the second most common cancer in women and the third leading cause of global cancer mortality (https://www.wcrf.org/). CRC is a heterogeneous disease since from one patient to another it differs in clinical presentation, molecular characteristics, and prognosis [1] . The heterogeneity of CRC increases the complexity of this tumoral pathology, making subtyping and stratification a difficult task for therapeutic decisions. In this way, personalized medicine for CRC is becoming increasingly needed, especially for targeted therapies where large variations between individual's treatment responses exist [1, 2] . In this context, the need to find robust gene markers associated with specific subtypes of CRC led us to this study. Furthermore, the specific purpose of our work was to find consistent biomolecular targets that, together to facilitate samples stratification, could be related to the prognosis of the disease using survival data.
The genomic and transcriptomic profiling of human cancer samples has been demonstrated over the last decade as an excellent way to obtain a better molecular characterization of many tumor types and subtypes. While gene expression-based CRC classifications has been heavily approached [2] , little consensus in CRC standalone gene bio-marking has been achieved. In fact, several studies have identified a broad variety of gene sets as gene expression profiles for classification and categorization of this malignant disorder [3, 4] . Moreover, several transcriptomic-based tests oriented towards prognosis have also been investigated. Some examples of these are: ColoLipidGene [5] , ColoGuidePro [6] or ColoPrint [7] ; that include gene signatures associated with CRC survival in some specific biological contexts. Despite these efforts, at present there is not a clear compendium of gene markers for CRC survival and it is quite difficult to find consistency in the literature.
In the clinic, patients are classified into four CRC stages based in the anatomo-pathologycal characteristics of their tumors. It is common to use the TNM Staging System (where T stands for tumor, N for lymph node, and M for metastasis). The disease "staging" also allows grouping the patients in 4 progressive cancer stages, indicated by roman numerals: I, II, III, and IV [8] . In this way, stages I and II correspond to cases which had not shown cancer cells beyond the tumor or blood. By contrast, stages III and IV correspond to individuals in where the cancer had diseminate to the lymph system or other organs in the body. This four stage categorization represents significantly distinctive patients groups for final outcome or disease relapse, but the stages do not predict the risk of each individual patient because they are not directly associated to survival [9] .
Based on the described need and potential benefits to find survival marker genes correlated with high risk and poor prognosis in CRC; we investigated global gene expression profiles of colorectal tumors and its alteration throughout stages, to identify genes that could be levered as biomarkers of survival and prognosis for CRC in late stages (i.e., III and IV). To undertake this work we performed a deep analysis on a large cohort of human samples derived from a robust integration of several datasets that had transcriptomic and clinical survival data. The integration provided a homogeneous and well-standardized meta-dataset that includes 1273 human colorectal samples. The identification of candidate markers was performed using an initial contrast between the gene expression of the subset of patients with CRC allocated by their clinical features to stages I and II versus the patients with tumors corresponding to stages III and IV. Finally, after internal and external cross-validation, the genes selected as best survival markers were used to construct a risk predictor to allow stratification of the patients with respect to their relative risk.
Results

A large dataset of CRC samples including global expression and survival data
We first built a large cohort of CRC samples collected from individuals that had clinical record with survival data times, as well as genome-wide expression profiles of their colorectal primary tumors at diagnosis (i.e. before any drug treatment). Our aim was to achieve a meta-dataset with at least 1 thousand samples and to demonstrate a good integration of the global transcriptomic profiles of different samples sets avoiding the typical batch-effects that can alterate any unified analysis. Table 1 presents the datasets of CRC samples that were collected to produce the integrated dataset analysed in this work. All the CRC samples included in this meta-dataset were tested for global gene expression profiling using the platform of high-density microarrays from Affymetrix: Human Genome U133 Plus 2.0. Using this platform, the probesets of the arrays were mapped to single genes (as indicated in Risueño et al.) [10] and, in this way, each microarray measured the expression signal of 20,079 human genes (using the mapping provided by the Chip Description File, CDF v.21 from: http://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/). As a whole, Table 1 includes 7 series that were obtained from the Gene Expression Omnibus repository (GEO, https://www.ncbi.nlm.nih.gov/geo/). These datasets included a total amount of 1352 CRC samples, but after collecting the clinical survival data and carrying out the integration and normalization protocols we finished with 1273 samples, since we filtered 79 samples that did not have survival data or did not show comparable data distributions after normalization. The phenotypic and clinical information about the final collection of 1273 samples, i.e., the available data about age, gender, survival time, location of the tumor, degree and TNM staging, presence of mutation in some cancer genes (TP53, KRAS, BRAF), etc.; is included in Additional file 1: Table S1 . When information was not available for a given sample the table includes not assigned values (NA).
Evaluation of normalization procedures to integrate independent batches
We performed the integration and combined normalization of the CRC expression datasets using 5 different procedures. The procedures applied different normalization algorithms to provide a homogeneous signal matrix, avoiding bias due to batch effect on the global expression profile of the CRC samples. The procedures applied were: (i) Robust Multi-array Average (RMA) algorithm [11] ; (ii) RMA plus Combatting Batch effects (ComBat) algorithm [12] ; (iii) Frozen Robust Multi-array Average (fRMA) algorithm [13] ; (iv) fRMA plus Combat; (v) fRMA plus scaling of the data using mean-centered expression values. All the CRC samples were tested for global gene expression profiling using high-density microarrays Human Genome U133 Plus 2.0 from Affymetrix (that measure the signal of 20,141 human genes). The total collection included 1352 samples, but only 1273 were finally used. A group of 79 samples were discarded because they did not have survival data or they presented anomalous data distributions with respect to the other samples of the same series
To evaluate and compare the results provided by each one of these 5 procedures we carried out several analyses. Figure 1 presents the heatmaps derived from an unsupervised clustering of the samples using in each case the expression data matrix derived from each one of the 5 procedures applied. Due to the fact that each series has a different number of samples (one with more than 500 and several other with less than 100), we did a random selection of an even number of samples for each dataset to be included in the cluster analysis: 30 samples from each one. In this way, each heatmap is composed of 210 samples (30 × 7): 30 samples from each one of the 7 datasets (identified by the ID number, GSE, from GEO). In Fig. 1 the samples of each batch are identified by a color that is indicated in the horizontal bar below the dendrograms. Each heatmap represents a different preprocessing and normalization method performed to merge the datasets in one meta-dataset. The results shown in these clustering analyses indicate that in the case of methods that gave the heatmaps A, C and E, several samples of the same color are grouped together showing that they have a common correlation profile within the global expression signature. By contrast, in the case of methods that gave the heatmaps B and D, there is a clearer shuffling of all the colors, which reflects a homogenous mix of the overall expression signal coming from different datasets.
The clustering analysis presented in the symmetric heatmaps of Fig. 1 was done using, for each sample, a vector including the expression signals along all genes and calculating with these vectors the pair-wise Pearson correlations between samples and the pair-wise distance matrix derived from such correlations. This approach can reveal major effects associated to the global expression signal of the samples, but it is not very sensitive to detect minor changes in a small number of genes. For this reason we applied a second approach to compare the results provided by the 5 normalization procedures in order to select the one that produces the best unification of the 7 CRC datasets, preserving a good signal to noise ratio in the expression distributions. Algorithms of dimensionality reduction, such as PCA (Principal Component Analysis), allow exploring large datasets in an accurate way to identify factors that are relevant for the variance of studied variables (in our case the expression of the genes in the unified meta-dataset of 1273 samples). Figure 2 presents the plots derived from the PCA done over the 5 expression matrices (i.e. the signal of 20,079 genes in 1273 samples) obtained with 5 different normalization approaches. These results show very clearly that the RMA method ( Fig. 2a) is not good to Fig. 1 Symmetric heatmaps representing the similarity between the overall gene expression signal of the samples compared with each other. Each heatmap is composed of 210 samples (30 × 7, 30 samples random selected from each batch, i.e. from each one of the 7 GSE datasets). The samples of each batch are identified by a color in the top bar below the top dendrograms (following the colors legend). Each heatmap represents a different preprocessing and normalization method performed to merge the datasets in one batch. The methods applied were: a RMA; b RMA plus ComBat; c fRMA; d fRMA plus ComBat; e fRMA plus scaling of the data using mean-centered expression values provide a proper normalization of different batches, since the samples keep a very strong signal associated to each batch. The fRMA method ( Fig. 2c ) neither is good, since some samples (specially the ones from the largest batch GSE39582) still keep a strong signal associated to their batch. By contrast, the analysis of the data provided by the other 3 procedures (RMA plus Combat, fRMA plus Combat and fRMA plus mean-centered scaling, Fig.  2b , d and e, respectively) showed an adequate mix of all the samples from different batches. Within these 3 procedures, the normalization is very similar keeping a good signal to noise ratio along the genes and a small signal reduction. We finally select option B, RMA plus Combat, because the heatmap in Fig. 1b showed the best mix between series and a better similarity between the samples (compared to options D or E).
As a final testing to identify the best integration and normalization procedure of the 7 CRC expression datasets, we carried out a linear regression analyses on the global expression matrix considering as predictors 7 independent dummy variables or factors. These variables correspond to the series from which each sample comes from. In this way, if these factors have a significant influence in the expression signal distributions, the linear regression analysis will show a significant p-value and correlation. The results of this analysis are presented in Table 2 , that reveals again that only the data matrices produced by the methods B and D (RMA plus Combat and fRMA plus Combat, respectively) do not show a significant effect attributed to belonging to one of the series. Finally, we choose B versus D as the final procedure applied because, despite being very similar, the application of RMA plus Combat provoked less dramatic changes with respect to the raw signal expression.
Identification of genes associated to advanced CRC that mark survival differences
Once we produced a large and well-integrated metadataset of CRC samples, having global expression profiles and clinical survival data for all cases, we proceed to the identification of the subset of genes that suffer significant changes with colorectal tumor progression. To do this, we explored the overall expression matrix to detect the genes that showed a significant expression change when comparing CRC tumors in early stages (stages I and II) versus CRC tumors in late or advanced stages (stages III and IV). This comparison was done applying LIMMA, differential expression algorithm, and retrieving all genes that gave a significant p-value (adjusted p < 0.05) in either direction (i.e., genes up-regulated with the progression of the disease, in late versus early CRC stages; or genes down-regulated with the progression of the disease). Such differential expression analysis gave a subset of 2707 human genes: 2524 corresponding to protein-coding genes and the rest to non-coding genes (in this work we focused only in the protein-coding genes). The methods applied were: (A) RMA; (B) RMA plus ComBat; (C) fRMA; (D) fRMA plus ComBat; (E) fRMA plus scaling of the data using mean-centered expression values. The linear regression is done to evaluate the "batch effect" (i.e. considering that the tested factors are the fact of "belonging" to a given dataset). Thus, when the p-value of the factors are significant (< 0.05), the "batch effect" remains on the overall expression signal. A marginal low significance was considered when p-values were < 0.20 in the case E Once we had the subset of genes that can be associated to advanced or progression of CRC, we perform a second analysis on these gene candidates to find out which ones can be correlated with the survival of the corresponding patient samples based on their expression signals. To do this, we carried out Kaplan-Meier (KM) analysis of the survival times of the set of 1273 colorectal cancer samples for each one of the 2524 genes found in the previous exploration. In this analysis, the genes were ranked considering the non-parametric log-rank test that evaluates the separation between the two KM curves for two prognostic groups: one with good survival and another with poor survival. To do this, our algorithm performs for each gene multiple splits of the sample cohort in two groups, and looks for the splitting that provides the best separation between groups (i.e. the best p-value). Then, a stringent cut-off value (adjusted p < 0.0003) was used to select the genes that are considered significant. This allowed the identification of 429 significant genes in which the overexpression correlated with low survival, plus 336 significant genes where the repression correlated with low survival. These analyses were done in a univariate mode, considering each gene as an independent factor. Figure 3 shows the Kaplan-Meier plots corresponding to the survival profiles of the two populations of individuals that were segregated according to the expression values of the gene tested. The 4 plots correspond to the top genes: DCBLD2 and PTPN14 with overexpression correlated to low survival; and EPHB2 and DUS1L with repression correlated to low survival. The separation of the two populations in both cases is very significant, with KM p-values < 1.0e-10 and Hazard Ratios (HR) around 2.0 for overexpression cases and around 0.45 for repression cases. These parameters were calculated using all the 1273 samples; however it was necessary to do an internal cross-validation of these results to assess how stable and reliable was the signal for each one of the selected genes.
We carried out a cross-validation of the top-200 genes selected in any of the two conditions (i.e. selected as survival markers when they were up-regulated for the cases of poor survival or when they were up-regulated for the cases of better survival). This internal cross-validation was done using for each gene a resampling strategy that randomly selected 80% of the sample 100 times (i.e. doing 100 iterations). The results corresponding to the top 100 genes are included in Additional file 2: Table S2 , for the case of up-regulation for poor survival, and the other top 100 genes in Additional file 3: Table S3 , for the case up-regulation for better survival. These genes provided the best split between patients of high and low risk based in their expression levels. In the case of genes DCBLD2 and PTPN14 (labelled in red) the over-expression is correlated with poor survival; and in the case of genes EPHB2 and DUS1L (labelled in green) the over-expression is correlated with good survival. In all cases the adjusted p.values of the analyses are very significant (as indicated inside each plot), indicating that the two populations represented by the two curves have a very clear difference in their overall survival A short view of these data is shown in Table 3 that presents the 50 genes selected as best survival markers of CRC: the first part of the table corresponds to the top 25 genes, where up-regulation corresponds to shorter survival and higher risk (HR > 1); the second part of the table corresponds to the top 25 genes, where up-regulation corresponds to longer survival and lower risk (HR < 1). The genes were ranked by their KM p-values and the HR values calculated for the whole dataset (i.e. for all the 1273 samples, all-dt). As indicated, the stability and robustness of the gene survival markers was assessed via a resampling strategy with random selection of 80% of the dataset 100 times. For the final ranking of the genes included in these tables we also considered that they had to give a significant adjusted p-value in more than 80 out of 100 bootstrap iterations (i.e. N-sinf-in-100i > 80).
External validation of prognostic markers with a CRC cohort studied using RNA-seq
The analyses done so far provided a ranked collection of genes found as robust markers of survival in CRC. The consistency of the results obtained with the internal cross-validation gives strong support to the top genes found (presented in Table 3 ), but we had to consider the value of using other external independent CRC cohorts to corroborate these findings. As far as we could investigate we did not find other large CRC datasets (i.e., sets with more than one thousand samples) that included global gene expression data plus survival as part of the clinical characterization of samples. Despite this limitation, we look for independent datasets and found in The Cancer Genome Atlas (TCGA, http://tcga-data.nci.nih. gov/docs/publications/coadread_2012/) a well-characterized cohort of 276 colorectal carcinomas that had been studied with several genome-scale technologies (including RNA-seq gene expression profiling) and that had survival data for 269 samples [14] . We used these data to validate the top genes found as best survival markers in our previous analysis. The results indicated a good performance in more than two thirds of the genes tested. In Additional file 4: Table S4 we present the KM p-values and HR of the genes that were validated from the top 10 previously found: 7 genes of the top 10 for the case of up-regulation associated with poor survival (PTPN14, LAMP5, TM4SF1, LCA5, CSGALNACT2, SLC2A3 and GADD45B) and 6 genes of the top 10 previously found for the case of up-regulation associated with good survival (EPHB2, DUS1L, NUAK2, FANCC, MYB and CHDH).
External validation of prognostic markers using multivariate survival analysis
Up to now the search to find gene survival markers associated to the prognosis of CRC have been done using univariate analysis that look for the value and influence of each singular gene. The results presented provided multiple parameters to allow a proper statistical assessment and ranking of each gene survival markers proposed (Table 3) . To provide extra support to these results we did another external validation using a second independent cohort of CRC samples from the platform SurvExpress [15] . The CRC dataset selected was called "Colon-Metabase-Uniformized" and it included 482 samples with overall survival data and genome-wide expression determined with Affymetrix microarrays. We performed several multivariate survival analyses (OS, overall survival) on this dataset using combinations of the top genes proposed in Table 3 . As an example of these analyses we present the KM plot (Additional file 5: Figure S1 ) corresponding to the multivariate survival study done using the top 5 genes found up-regulated for poor survival (DCBLD2, PTPN14, LAMP5, TM4SF1 and NPR3). It can be seen that the combination of these genes provides a very good separation of two CRC populations: one group of high-risk, associated to the overexpression (or up-regulation) of the genes; and another group of low-risk, associated to the lower expression (or down-regulation) of these genes (Additional file 5: Figure S1 ). This analysis was repeated with several other combinations of the top up-regulated genes associated with poor survival (present in Table 3 ), resulting in similar results. For example, combining DCBLD2, LAMP5, TM4SF1, NPR3 and GADD45B the separation of the high and low-risk groups improved a bit: KM p-value = 2.21e-07 and HR = 2.23 (95% confidence interval, CI: 1.65-3.02). Another combination that provided very good separation was using genes DCBLD2, LAMP5, TM4SF1, NPR3 and AKAP12: KM p-value = 2.51e-10 and HR = 2.74 (95% CI: 2.00-3.74).
Gene expression profiles of CRC tumor samples versus normal colorectal samples
All the integrated datasets, so far presented in this study corresponded to CRC samples, because we want to provide genes that are disease markers present in the transformed tumor cells of the intestinal epithelium, and genes that mark the progression and aggravation of this type of cancer. In addition, we can only have survival information about patients since in healthy individuals survival time cannot be related to disease and there are not disease-associated events. Despite this obvious consideration, it is interesting to explore what would be the level of expression of the genes, that we identified as survival markers, when they are analysed in normal colorectal tissue. Exploring back on the experimental series used to create our meta-dataset of 1273 CRC samples, we found in series GSE33113 and GSE39582 a collection of 25 samples that corresponded to normal colorectal tissue. We took these samples and included then with our CRC dataset using the same normalization protocol. After this integration, we could explore the expression level of the top up-regulated genes (identified as markers of poor survival), comparing the expression distribution on a set of cancer samples versus a set of normal tissue samples. In both cases the number of samples compared were 25, since this is the number of normal samples that we had. We did this comparison 20 times, random selecting each time a different subset of 25 cancer samples. The results were always very similar and the boxplots of the expression distributions for the top 10 genes are presented in Additional file 6: Figure  S2 . These results indicate that the gene markers, identified in our survival studies, are most of the times also up-regulated in CRC tumors with respect to normal colorectal tissue.
Risk predictor score based in the multivariate analysis of candidate survival markers Finally, to obtain a more accurate evaluation of the prognostic value of all the genes selected as best candidates The first part of the table corresponds to the top-25 genes where up-regulation corresponds to shorter survival and higher risk (i.e., HR > 1); the second part of the table corresponds to the top-25 genes where UP-regulation corresponds to longer survival and lower risk (HR < 1). The genes were ranked by their KM adjusted p values and the Hazard Ratio values calculated for the whole dataset, i.e. for all the 1273 samples (all-dt). The stability and robustness of the gene survival markers was assessed by cross-validation, applying to each gene a resampling strategy with random selection of 80% of the samples 100 times (i.e. doing 100 iterations).
For the ranking we also considered that the genes had to give a significant adjusted p-value in more than 80 iterations (N-sinf-in-100i > 80) (reported in Additional files 2 and 3, Table S2 and  Table S3 ), we performed another analysis of the candidate markers using a regularized multivariate Cox proportional-hazards regression with L1 norm penalty [16] , with the scope of building a multigenic "risk predictor". This analysis was done on the cohort of 1273 samples of CRC patients, using for the multivariate analysis the top 100 genes that showed up-regulation correlated with poor prognosis (i.e. overexpressed in low survival cases). The results are presented in Fig. 4 that shows a graph ordering the patients according to their risk score, from low-risk (blue) to high-risk (red), including also an intermediate region (grey) (Fig. 4a) . A recursive algorithm using 10-fold cross-validation was applied to find the value of risk score. The threshold (marked with a vertical black line) is obtained by maximizing the separability between the survival curves for the resulting groups. Therefore, it allows the best splitting of the cohort in two groups. A Kaplan-Meier plot showing the separation of these two groups is also presented (Fig. 4b) ; dividing the population into a high risk group including 425 individuals and a low risk group including 848 individuals. As shown, the division is significant (p-value = 8.25e-14) and allows an optimal separation of individuals according to their survival. The analysis of the beta factors assigned by the regression to each of the top 100 genes, i.e. to each variable within the multivariate vector (data included in Additional file 7: Table S5 ), allows the identification of the genes that were the most influential factors in this risk analysis and therefore it facilitated the selection of the best "gene survival markers". As indicated in previous sections, the top 100 genes included in the construction of this multigenic risk predictor score were selected from the list of best markers found during the survival test with single genes.
Discussion
CRC is a complex disease composed of biologically and clinically diverse subtypes, which can originate in different ways provoking multiple clinical scenarios [1, 2] . This complexity causes the molecular characterization of CRC to remain deficient, with a lack of clear gene markers associated to specific CRC subtypes and to the prognosis of the disease [17] [18] [19] . In fact, current molecular phenotyping of colorectal tumors is usually linked to the Fig. 4 Risk prediction done for the cohort of 1273 patients of CRC based in the multivariate analysis using the top 100 genes that showed upregulation correlated with poor prognosis (i.e. overexpressed in low survival cases). a Plot presenting the patients according to their risk score, from Low (blue) to High (red) risk. A recursive algorithm using 10-fold cross-validation finds the value of risk score (marked with a vertical black line) that allows the best splitting of the cohort in two groups. b Kaplan-Meier plot showing the separation of these two groups: a high-risk group including 425 individuals (in red) and a low-risk group including 848 individuals (in blue). The analysis has been done using a multivariate Cox proportional-hazards regression. As shown, the division is very significant (p-value = 8.25e-14) and allows an optimal separation of individuals according to their survival. The analysis of the beta factors assigned by the regression to each of the top 100 genes (i.e. to each variable within the multivariate vector) allows the identification of the genes that are the most influential factors in this risk analysis and therefore it helps in the selection of the best "gene survival markers" traditional determination of somatic mutations in wellknown oncogenes such as KRAS and BRAF [20] . The recent advance of genomic and transcriptomic technologies applied to the study of clinical samples did open the way to obtain genome-wide expression profiles of multiple patient cohorts and correlate the expression of certain genes with different disease subtypes, disease stages and progression [21, 22] . This approach had been widely applied in cancer research in the last decade and is very powerful when the identification of marker genes is associated with survival time. The correlation between gene expression and survival is an excellent tool to investigate prognosis of the disease and to build risk predictors that will be applicable to individual patients.
The identification of molecular biomarkers with prognostic value in CRC has been a challenging task [23] [24] [25] [26] . Molecular prognosis of colorectal tumor samples by transcriptional profiling started about 15 years ago (see review [24] ), and in more recent years several specific gene signatures associated with CRC survival have been published [5] [6] [7] [27] [28] [29] [30] [31] . Despite these efforts, at present there is not a clear compendium of gene markers for CRC survival and it is quite difficult to find consistency in the literature [24] . A clear limitation comes from the fact that, in most of previous studies, the number of tumor samples used to select the genes that enter into the construction of the prognostic predictors is small (i.e., the size of the patient cohorts rarely it is greater than a few hundred individuals). For example, ColoPrint is a 18-gene signature for prognosis prediction of stage II and III CRC, that was identified using as training set tumor samples from 188 patients [7, 27] ; a 113-gene expression signature for predicting prognosis in patients with CRC was built using 145 samples as dicovery set [28] ; a 7-gene signature to predict overall survival of CRC patients was based in an initial training set of 67 samples [29] ; a recurrence-associated CRC signature of 13 genes was developed using a screening set of 145 samples [30] ; a 15-gene signature for prediction of CRC recurrence and prognosis was elaborated using for the gene selection a set of 55 patients [31] . In conclusion, we can say that as far as it is reflected in the current literature, the size of the initial training sets used to identify candidate gene markers for CRC survival is small and the overlap between the published gene signatures is very reduced and inconsistent. To address these critical problems, we constructed a large, well-standardized, integrated data set of 1273 tumor samples with survival information, which was used to identify genes that had a clear change in expression in the middle and late stages of CRC and were consistent markers of the disease-outcome and patient-risk.
With respect to the specific genes proposed as CRC survival markers, we want to underline that our study does not pretend to provide a fixed gene signature for prognosis and risk prediction, like the reported signatures of 7-genes, 15-genes or 113-genes [28, 29, 31] ; but instead we propose a robust set of genes ranked according to their predictive power of CRC survival. In this way, an ordered list of 200 genes including the best survival markers is presented: 100 genes for which up-regulation marks "poor survival" and 100 genes for which up-regulation marks "good survival". We think that this approach is more useful, since it allows an open selection of different number of genes for further purposes or investigations (for example, for additional tests with other CRC clinical cohorts). In fact, we used the 100 most significant genes, up-regulated with the progression of CRC, to build the risk predictor (presented in Fig. 4) ; and we used the top 5 or top 10 genes of this list for the external validations with different independent datasets.
Another relevant comment is that, as reminded above, we constructed the risk predictor using the genes that showed up-regulation correlated with poor prognosis. This was done because in the selection of biomarkers it is better to use the ones that provide a positive signal (i.e. "gain-of-function" factors) than the ones that provide a negative signal. Therefore, all the gene survival markers that we proposed were detectable as overexpressed in the CRC patients with high risk. The fact that they give a positive signal will also make easier their detection by standard biomolecular protocols (PCR, ELISA, immunohistochemistry, etc).
Finally, we are investigating the biological meaning of the genes found as best predictive and prognostic markers. We are focusing our efforts in the top 10 for which up-regulation marked poor survival: DCBLD2, PTPN14, LAMP5, TM4SF1, NPR3, LEMD1, LCA5, CSGALNACT2, SLC2A3, GADD45B. The analysis of the literature reveals some relevant observations. For example, the transmembrane protein DCBLD2 (ESDN), member of a family of neuropilin-like proteins, is a novel regulator of mitotic and metabolic effects of insulin, and it modulates signal transduction through regulation of the insulin receptor interaction with its adaptor proteins [32] . The importance of insulin regulation in the function of our digestive system is clear, and this adds extra value to the proposal of DCBLD2 as a CRC survival marker. Other genes within the top rank have been recently involved in cancer progression, like the case of SLC2A3 (GLUT3) a glucose transporter that mediates glucose utilization and glycogenolysis, which is induced during epithelial-mesenchymal transition and promotes tumor cell proliferation [33] . Recent publications have also proposed the role of some other genes found as prognostic markers, like the case of LAMP5 that has been included in a multigenic assay to predict recurrence for gastric cancer patients after surgery [34] . As a final example, GADD45B (growth arrest and DNA-damage-inducible 45 beta) is a gene that responds to environmental stresses, associated with cell growth control, apoptosis and DNA damage repair response. GADD45B overexpression has been recently correlated with shorter overall survival in colorectal carcinoma [35] . Moreover, a recent integrative analysis of multiple colon cancer gene-expression-based subtype classifiers reported that one of the three highest scoring genes included in several classifiers was GADD45B [36] .
Despite all these positive findings that correspond to the biological value and the support of the genes identified as most significant markers of CRC survival, there are some possible limitations of the results, beginning with the general observation about the frequent heterogeneity of the colorectal tumors [1, 17] . In fact, it is clear from the anatomical pathology that CRC can affect quite different regions of the digestive tract: ascending colon, transverse colon, descending colon, sigmoid colon and rectum. The causal genes that drive tumors in these different regions may not be the same, and most CRC studies do not enter into a detailed separation of these regions [19] . The variability due to the different staging of the tumors is another factor that can bring limitations to any CRC study; but in this case we clearly indicated that our work searched for genes that were candidate prognostic markers for CRC in stages III and IV. A final reason for the limitations of the results may be an over-adjustment to the tested data sets. To avoid this kind of limitations, we built a large well-normalized data set with more than a thousand samples, performed a cross-validation analysis on that set, and also explored the validity of the gene markers in two other independent sets.
Conclusions
In conclusion, we consider that the results presented in this work provide strong support and a solid rationale for the prognostic value of a new set of genes in CRC and for their potential to predict colorectal tumor progression and evolution towards stages III and IV. The final proposed set of gene survival markers includes an open list of one hundred up-regulated genes, with a robust statistical estimation of the value of each one. In this way the set of genes is clearly ranked, being the top in the list the ones that provide best prognostic strength and the ones that can be introduced to build smaller predictors. In fact, our results showed that a selection of the top 5 genes applied to independent external cohorts provided very good separation of CRC samples in two distinct groups of high and low risk.
Methods
Genome-wide expression data sets
In this study, we have analysed and integrated seven data sets of CRC samples ( Table 1) . All data sets are available at GEO repository, corresponding to 7 series with the following accession numbers: GSE14333, GSE17536, GSE31595, GSE33113, GSE38832, GSE39084 and GSE 39582. All these series included the raw expression signal and correspond to data obtained with the microarrays expression platform: Affymetrix GeneChip U133 Plus 2.0 for Homo sapiens. The phenotypic information corresponding to all these series was analysed in order to select only the samples that included information regarding: the cancer stage and the Overall Survival (OS). The samples that did not have any survival information were discarded from the study. In all cases only primary tumors samples were considered for our analysis; in this way individuals who had received preoperative chemotherapy and/or radiotherapy were also discarded.
For the external validation we used two independent datasets. A cohort of 276 colorectal carcinomas that had been studied using RNA-seq gene expression profiling, and that had survival data for 269 samples [14] (which can be found in http://tcga-data.nci.nih.gov/docs/publications/coadread_2012/). A second cohort of CRC samples from the platform SurvExpress [15] . This second dataset selected, called "Colon-Metabase-Uniformized", included 482 CRC samples with overall survival data and genome-wide expression determined with Affymetrix microarrays (see the website http://bioinformatica.mty.itesm.mx:8080/Biomatec/SurvivaX.jsp).
Expression data sets exploration and integrative normalization
Previously, to make the best use of the information obtained from the microarrays, we have considered the importance to ascertain the quality of the data. To assess the validity of generated microarray information we have performed a wide variety of quality assessment methods, both in raw and pre-processed information. In this way, several explanatory data analysis were applied for the detection of problematic arrays. We used the R function image to create chip images of the raw intensities to discover spatial artefacts in the samples. We have also look at the distribution of probes intensities across all arrays, using the boxplot method available for the Affybatch class. We also applied to the samples the Normalized Unscaled Standard Error (NUSE) algorithm. This quality assessment tool requires a previous PLM fitting procedure applied on the raw expression data. We have used the function fitPLM provided in the AffyPLM package to create the PLMset class object used as the input in the elaboration of the NUSE analysis. After applying the referred quality assessment methods, we discarded 79 of the initial samples collected and proceed with the remaining 1273 (Table 1) .
To create a table with all the phenotypic characteristics of the patients selected which involved all samples GSM accession numbers and related clinic variables in a consistent and homogenize way, we used getGEO and pData functions from GEOquery package (this table is provided as Additional file 1: Table S1 ). We made use of regular expressions and common text manipulation R functions to solve the issue of formatting heterogenic data. Finally, we created a binary variable to label the patients and select them in a proper way during the hypothesis contrasts and statistical modeling.
Batch effect removal
Batch effect is one of the main problems when several datasets are combined to be studied together, because different batches usually add large unwanted variability to the data. To avoid this effect we tested a combination of different pre-processing and normalization algorithms: Robust Multi-array Average (RMA) algorithm [11] ; Combatting Batch effects (ComBat) algorithm [12] ; Frozen Robust Multi-array Average (fRMA) algorithm [13] . For the fRMA algorithm application, we constructed the frozen parameter vector using a training dataset in where we distributed randomly selected samples proportionally to each labelled group to obtain a balanced sample from the 7 batches of microarrays.
Another important issue addressed was the fact that the Affymetrix probe-sets included in the expression microarrays many times do not correspond to singular genes and some probes inserted in the defined probe-sets are ambiguous or inaccurate [10] . Affymetrix GeneChip is a popular and usefull platform for gene expression profiling, but the use of its probes and probe-sets mapping has multiple inconveniences. In fact, the probe-sets for the Affymetrix Human Genome U133 Plus 2.0 Array are based on UniGene database (Build 133, April 20, 2001 ) and considering how rapidly human genome has evolved many probes on the array are not correctly assigned. To avoid this problem, we used the updated probe alignment and gene mapping that is provided by the Chip Definition File (CDF): hgu133plus2hsensgcdf (downloaded from http://brainarray.mbni.med.umich.edu/).
Batch effect removal evaluation
We performed unsupervised hierarchical clustering to observe unlikely clustering based on batches in those expression value matrixes where batch effects remained after pre-processing. We used a 30-random sampling per batch, identifying each batch by a different color (Fig. 1) . The batch effect was also investigated using principal components analysis (PCA) (Fig. 2) . A linear regression of average gene expression on array batch per pre-processing method was the final approach fulfilled to assure removal ( Table 2) .
Differential expression analysis
For the identification of gene whose altered expression achieved statistical significance we used the R algorithm Linear Models for Microarrays (LIMMA package). We applied LIMMA to the expression data matrix fixing an adjusted p-value threshold of FDR ≤ 0.01 to select significant genes. The comparison was done separating the samples according to their clinical and pathological stage (comparing CRC stages I and II versus III and IV). In this way we found a set of 2707 candidates genes, corresponding to 2524 protein-coding genes that were tested in the survival analysis (the rest were non-coding genes). In this work we focus only on the genes that encode proteins because we wanted to find CRC survival markers that later can be tested at protein level using, for example, immunohistochemistry (IHC) analysis.
Survival analysis
Our intention in this research was to identify genes whose relative expression level affect survival and prognosis in CRC, once we had made a preselection in its behavior through stage evolution of 2524 protein-coding genes.
The first step for the survival analysis was to define for each gene two separated distributions of high and low expression along the sample dataset investigated. This separation based in expression level determined the explanatory variable. We used the Surdiff function in the Survival package to address the issue. By sorting all the samples in ascending order, we performed Surdiff hypothesis testing, splitting the group of samples for each gene and every sample between quantile 25% and 75% to obtain its Chi-square associated p-value. Then we selected minimum p-value to perform final group assignation of high and low expression. Once we had the two groups clearly defined, we used the Coxph model to obtain each associated p-value and hazard ratio (HR) from every candidate gene. In this way, the survival analysis along the two groups also allowed estimating hazard ratios (HR) or, what is the same, tried to measure how the expression, in terms of high and low relative expression for each candidate gene, altered the hazard function. Finally, for computing the time to event, the response variable in the models was the Overall Survival (OS) time. All the data sets that we integrated in our analyses had OS information. In some cases for some individuals, Disease Specific Survival (DSS) times or Relapse Free Survival (RFS) times were also provided with the original data, but we did not considered these time-events since we wanted to focus on OS to achieve a homogeneous analysis.
Additional files
Additional file 1: Table S1 . Phenotypic and clinical information about the collection of 1273 colorectal cancer samples that has been integrated in this work. The table includes the IDs of the samples in GEO and all the available data about age, gender, survival time, location of the tumor, degree and TNM staging, presence of mutation in some cancer genes (TP53, KRAS, BRAF), etc. When information was not available for a given sample the table includes NA (not available values). (XLSX 272 kb) Additional file 2: Table S2 . Top-100 best survival marker genes for colorectal cancer (CRC) that are up-regulated when survival is poor and the risk is higher (i.e., HR > 1). This table is an expension of the data in Table 3 . The genes were ranked by their KM adjusted p-values and the HR values calculated for the whole dataset (i.e. for all the 1273 samples = all-dt). The stability of each survival marker gene was assessed by cross-validation (100 iterations). The table also includes the number of times that a survival marker was significant in the iterations (N-sinf-in-100i). (XLSX 73 kb) Additional file 3: Table S3 . Top-100 best survival marker genes for colorectal cancer (CRC) that are down-regulated when survival is poor and the risk is higher (i.e., HR < 1). This table is an expension of the data in Table 3 . The genes were ranked by their KM adjusted p-values and the HR values calculated for the whole dataset (i.e. 1273 samples = all-dt). The stability of each survival marker gene was assessed by crossvalidation (100 iterations). The table also includes the number of times that a survival marker was significant in the iterations (N-sinf-in-100i). (XLSX 70 kb) Additional file 4: Table S4 . Validation of the survival data done in an independent set of samples taken from The Cancer Genome Atlas (TCGA), that included 269 colorectal carcinomas with survival information and RNA-seq global expression profiling. The table includes the KM pvalues and HR of the genes that were validated from the top-10 survival marker genes previously found presented in Table 3 . Of the top-10 for the case of up-regulation associated with poor survival, 7 were validated (PTPN14, LAMP5, TM4SF1, LCA5, CSGALNACT2, SLC2A3 and GADD45B). Of the top-10 found for down-regulation associated with poor survival, 6 genes were validated (EPHB2, DUS1L, NUAK2, FANCC, MYB and CHDH). (XLSX 51 kb) Additional file 5: Figure S1 . Survival multivariate analysis of an independent set of 482 samples of CRC patients carried out considering the expression profiles of 5 genes: DCBLD2, PTPN14, LAMP5, TM4SF1 and NPR3. (A) Kaplan-Meier plot presenting the patients divided in two groups according their risk score: High risk (red) and Low risk (green). (B) Box plots showing the distributions of global expression corresponding to these 5 genes. For each gene, the dataset of 482 samples was divided in the two groups of patients indentified as High risk (red) and Low risk (green). (PDF 356 kb) Additional file 6: Figure S2 . Comparison of the distributions of the expression signal corresponding to ten genes in 25 samples from normal colorectal epithelium (green boxplots) versus 25 samples from CRC (red boxplots). The genes selected for this analysis were the top-10 best survival marker genes found up-regulated for poor prognosis (i.e. markers up-regulated when there is low CRC survival): DCBLD2, PTPN14, LAMP5, TM4SF1, NPR3, LEMD1, LCA5, CSGALNACT2, SLC2A3 and GADD45B. The tumor samples were not selected by stage (i.e. they were selected from any CRC stage: I, II, III or IV) and this comparison was done 20 times with different subsets of 25 CRC samples to check the stability of the signal. The plots of all the other comparisons were very similar to the plot here presented. (PDF 46 kb) Additional file 7: Table S5 . Beta factors assigned by regression analysis to each of the top-100 survival marker genes. These genes are taken as variables within the multivariate Kaplan-Meier survival analysis included in Fig. 4b . The factors allowed the identification of the genes that were the most influential variables in this risk analysis (i.e. the higher the better) and therefore facilitate an additional evaluation of each survival marker gene. (XLSX 62 kb)
Abbreviations CDF: Chip definition file; CRC: Colorectal cancer; DSS: Disease specific survival; GEO: Gene expression omnibus database; GSE: GEO Series (set of sample files that together form a single experiment); HR: Hazard ratio; IHC: Immunohistochemistry; KM: Kaplan-Meier hazard ratio; LIMMA: Linear models for microarray data analysis; OS: Overall survival; PCA: Principal component analysis; RFS: Relapse free survival; RMA: Robust multi-array average algorithm; TCGA: The cancer genome atlas
